We provide a simple and intuitive measure of interdependence of asset returns and/or volatilities. In particular, we formulate and examine precise and separate measures of return spillovers and volatility spillovers. Our framework facilitates study of both non-crisis and crisis episodes, including trends and bursts in spillovers, and both turn out to be empirically important. In particular, in an analysis of sixteen global equity markets from the early 1990s to the present, we find striking evidence of divergent behavior in the dynamics of return spillovers vs. volatility spillovers: Return spillovers display a gently increasing trend but no bursts, whereas volatility spillovers display no trend but clear bursts.
Introduction
For many years but especially following the late 1990s Asian crisis, much has been made of the nature of financial market interdependence, both in terms of returns and return volatilities (e.g., King, Sentana and Wadhwani, 1994; Forbes and Rigobon, 2002) . Against this background, we propose a simple quantitative measure of such interdependence, which we call a spillover index, and associated tools that we call spillover tables and spillover plots.
The intensity of spillovers may of course vary over time, and the nature of any timevariation is of potentially great interest. We allow for it in an analysis of a broad set of global equity returns and volatilities from the early 1990s to the present, and we show that spillovers are important, spillover intensity is indeed time-varying, and the nature of the time-variation is strikingly different for returns vs. volatilities.
We proceed by proposing the spillover index in Section 2 and describing our global equity data in Section 3. We perform a full-sample spillover analysis in Section 4 and a rolling-sample analysis allowing for time-varying spillovers in Section 5. We summarize and conclude in Section 6.
The Spillover Index
We base our measurement of return and volatility spillovers on vector autoregressive (VAR) models in the broad tradition of Engle, Ito and Lin (1990) . Our approach, however, is very different. We focus on variance decompositions, which allow us to aggregate spillover effects across markets, distilling a wealth of information into a single spillover measure.
The basic spillover index idea is simple and intuitive, yet rigorous and replicable, following directly from the familiar notion of a variance decomposition associated with an Nvariable vector autoregression. Roughly, for each asset i we simply add the shares of its forecast error variance coming from shocks to asset j, for all j i ≠ , and then we add across all 1,..., i N = .
To minimize notational clutter, consider first the simple example of a covariance stationary first-order two-variable VAR, 
Such generality is often useful. In the empirical work that follows, for example, we use secondorder 16-variable VARs with 10-step-ahead forecasts.
-4-
Global Equity Market Return and Volatility Data
Our underlying data are daily nominal local-currency stock market indices, January 1992 - 
, where t i is the weekly nominal return. We provide a variety of descriptive statistics for returns in Table 1 .
We assume that volatility is fixed within periods (in this case, weeks) but variable across periods. Then, following Garman and Klass (1980) 
where H is the Monday-Friday high, L is the Monday-Friday low, O is the Monday open and C is the Friday close (all in natural logarithms). We provide descriptive statistics for volatilities in Table 2 .
Full-Sample Analysis: Spillover Tables
Here we provide a full-sample analysis of global stock market return and volatility spillovers. As part of that analysis, we propose decomposing the Spillover Index into all of the forecast error variance components for variable i coming from shocks to variable j, for all i and j.
We begin by characterizing return and volatility spillovers over the entire sample, January Table 3 , volatility in Table 4) coming from innovations to country j (again, returns in Table 3 , volatility in Table 4 That is, return spillovers from the U.S. to Mexico are larger than for the U.S. to Turkey. As another example, we see from Table 4 (volatility) that total volatility spillovers from Hong Kong to others (that is, Hong Kong Contributions to Others) are much large than total volatility spillovers from others to Hong Kong (Hong Kong Contributions from Others).
The key substantive summary result to emerge from Tables 3 and 4 is that, distilling all of the various cross-country spillovers into a single Spillover Index for our full 1992-2005 data sample, we find that approximately thirty percent of forecast error variance comes from spillovers, both for returns (29 percent) and volatilities (31 percent). Hence spillovers are important in both returns and volatilities, and on average -that is, unconditionally -return and volatility spillovers are of the same magnitude.
However, at any given point in time -that is, conditionally -return and volatility spillovers may be very different, and more generally, their dynamics may be very different. We now substantiate these assertions by moving from a static full-sample analysis to a dynamic rolling-sample analysis.
Rolling-Sample Analysis: Spillover Plots
Clearly, many changes took place during the years in our sample, 1992-2005. Some are well-described as more-or-less continuous evolution, such as increased linkages among global financial markets and increased mobility of capital, due to globalization, the move to electronic trading, and the rise of hedge funds. Others are better described as bursts that subsequently subside, such as the various Asian currency crises around 1997.
Given this background of financial market evolution and turbulence, it seems unlikely that any single fixed-parameter model would apply over the entire sample. Hence the full-sample Spillover Tables and Spillover Indexes obtained earlier, although providing a useful summary of "average" behavior, likely miss the potentially important secular and cyclical movements in spillovers. To address this issue, we now estimate the models using 200-week rolling samples, and we assess the extent and nature of spillover variation over time via the corresponding time series of Spillover Indexes, which we examine graphically in Spillover Plots.
In Figure 1 , we present the Spillover Plot for returns. It is largely uneventful, displaying a gently increasing trend, but little else. Notice that even as the estimation window moves beyond the mid-1990s, the Spillover Plot never declines to its early lower range. This is consistent with a maintained increase in financial market integration.
The Spillover Plot for volatilities, which we present in Figure 2 , is radically different. these events generated increases in volatility spillovers, as shown in Figure 2 , whereas none generated movements in return spillovers.
Summary and Concluding Remarks
We have proposed a simple framework for measuring linkages in asset returns and return volatilities. In particular, we have formulated and examined precise measures of return spillovers and volatility spillovers based directly on the familiar notion of vector autoregressive variance decompositions. Our spillover measures have the appealing virtue of conveying important and useful information while nevertheless sidestepping the contentious issue of definition and existence of episodes of "contagion" so vigorously debated in recent literature such as Forbes and Rigobon (2002) .
Our framework facilitates study of both crisis and non-crisis episodes, including trends as well as bursts in spillovers. In an analysis of sixteen global equity markets from the early 1990s
to the present, we find striking evidence of divergent behavior in the dynamics of return spillovers vs. volatility spillovers. Return spillovers display no bursts but a gently increasing trend, presumably associated with the gradually increasing financial market integration of the last fifteen years. Volatility spillovers, in contrast, display no trend but clear bursts associated with readily-identified "crisis" events.
Although we have not reported them here in order to conserve space, we have performed several variations on the basic theme reported here, and our results appear robust. Such -8-variations include but are not limited to the VAR lag order, the width of the rolling VAR estimation window, and the forecast horizon for variance decompositions. Table 3 Spillover Table, Notes: We present variance decompositions based upon a weekly vector autoregression of order 2 identified using a Cholesky factorization with the ordering as shown in the column heading. The (i, j)-th value is the estimated contribution TO the variance of the 10-week-ahead real stock return forecast error of country i coming FROM innovations to real stock returns of country j. The mnemonics are defined as in Table 1 . Notes: The volatility Spillover Index is the sum of all variance decomposition "contributions to others" from 
